Abstract: Despite increases in the spatial resolution of satellite imagery prompting interest in object-based image analysis, few studies have used object-based methods for monitoring changes in coral reefs. This study proposes a high accuracy object-based change detection (OBCD) method intended for coral reef environment, which uses QuickBird and WorldView-2 images. The proposed methodological framework includes image fusion, multi-temporal image segmentation, image differencing, random forests models, and object-area-based accuracy assessment. For validation, we applied the method to images of four coral reef study sites in the South China Sea. We compared the proposed OBCD method with a conventional pixel-based change detection (PBCD) method by implementing both methods under the same conditions. The average overall accuracy of OBCD exceeded 90%, which was approximately 20% higher than PBCD. The OBCD method was free from salt-and-pepper effects and was less prone to images misregistration in terms of change detection accuracy and mapping results. The object-area-based accuracy assessment reached a higher overall accuracy and per-class accuracy than the object-number-based and pixel-number-based accuracy assessment.
Introduction
Coral reefs are among the most productive and diverse ecosystems on earth. They provide a series of ecological goods and services for mankind [1] , and they are often described as "tropical rainforests of the sea" [2] . However, despite their value, coral reefs globally are facing a crisis [3] . Large swathes of coral reefs have been degraded by overfishing, coastal development, shipping, and climate change [4] . Therefore, it is necessary to improve dynamic monitoring of coral reefs including reef islands, such that coral reef resources can be managed and protected effectively [5] .
Remote sensing technology offers the advantages of synoptic perspective, frequent sampling, and easy accessibility. Given the special geographical locations and distribution of coral reefs, remote sensing technology is used commonly as the preferred tool for dynamic monitoring of their changes [6] [7] [8] . Landsat satellite images have been used most frequently in remote sensing based studies of coral reefs because they are cost-effective and of adequate accuracy for coarse descriptions of habitat [9] . What's more, most previous studies have employed pixel-based post-classification
Materials and Methods

Study Area
The South China Sea, which encompasses an area of more than 3 million km 2 , is the western margin of the Pacific Ocean and the third largest marginal sea in the world. The coastal areas of the South China Sea and its archipelagoes (e.g., the Spratly Islands) provide highly favorable conditions for the growth and development of coral reefs. This region supports 571 known species of reef coral, a richness in biodiversity comparable with that of the Coral Triangle [32] . However, in recent years, the reef islands within this region have undergone complex changes due to both the construction of artificial islands and the effects of natural factors. Therefore, monitoring and studying of the changes in the coral reef environment are very important for marine conservation and management. In this study, we chose Taiping Island, Zhongye Island, and two segments of Barque Canada Reef as study sites (Figure 1 ), and we monitored dynamics of the reef islands and of the benthic coral habitats. Zhongye Island (11°03′6″ N, 114°17′12″ E) is of triangular shape, covering an area of roughly 0.372 km 2 . Zhongye Island has a long history of habitation by fishermen. The island is covered by Zhongye Island (11 • 03 6 N, 114 • 17 12 E) is of triangular shape, covering an area of roughly 0.372 km 2 . Zhongye Island has a long history of habitation by fishermen. The island is covered by tropical coastal forests, grasslands, beaches formed by the accretion of carbonate sands and coral shingles, buildings, and roads.
Taiping Island (10 • 22 37 N, 114 • 21 57 E), located in the northern central region of the Spratly Islands, is a long and narrow island with East-West alignment. The length of the island is approximately 1.4 km and its width is about 0.4 km. Its terrain is low and flat with elevations ranging from 4.0 to 6.0 masl. The land cover types on Taiping Island are similar with Zhongye Island.
Barque Canada Reef (8 • 10 50 N, 113 • 17 41 E) is an ovular reef that is 33-km long and 5-km wide at its maximum. Its overall area is approximately 66.4 km 2 (of which reef flat accounts for 49.5 km 2 ), making it one of the largest of the Spratly Islands. The broad and shallow reef lagoon in the middle of Barque Canada Reef (depth: 1.5-3.0 m) is one of the most important fisheries in the Spratly Islands. Two parts of Barque Canada Reef were selected as study sites for this work. Detailed information (i.e., area of different surface types) of all study sites has been illustrated in Table A1 in Appendix A.
Data Set and Image Preprocessing
The focus of this study is bi-temporal change detection, so images with pronounced changes between two different times were needed. However, due to the special marine environment and the monsoonal climate [33] , the satellite images of the study sites suffered a lot from cloud and aerosol. We have tried to select cloud-free and high-quality images with the data acquisition month close to each other (an interval less than 2 months) in case of pseudo changes or detection errors. Finally, six satellite images over the four study sites were selected as the best available cloud-free scenes, (Table 1) . in synthetic data with high spatial detail and spectral diversity [36] . For each study site, the image from the earlier time point was registered to the one from the later time point using the ENVI Image Registration Workflow tool, which achieved a registration error of <2 pixels. In this process, tie points were generated automatically according to the geographical coordinates of the images, and a first-order polynomial transformation and nearest neighbor resampling were applied to the earlier image. The accuracy of monitoring and mapping of shallow-water coral reefs is usually compromised by variable water depths. To overcome the influence of bottom reflectance, a kind of depth-invariant index was proposed for water column correction [37] . However, as the study sites of Barque Canada Reef are reasonably shallow (depth: 1.5-3.0 m), water column correction was deemed unnecessary in such case [38] . Furthermore, as the focus of this study was on the detection of relative changes between two periods, the effects of water depth were deemed negligible. All the six remote sensing images were interpreted visually by digitalizing and classifying the whole scenes. Then, we overlaid two digitalized images of each study site and generated a new layer. In the generated layer, polygons with attributes from two different times were defined as "no change" or as a certain change category according to its types in two different times. The definition rules of two reef islands are shown in Table 2 and those of Barque Canada Reef are shown in Table 3 . In the reef islands, change categories include vegetation deterioration, vegetation growth or plantation, coastal accretion, sea level rise or coastal erosion, and others. The "others" category refers to changes related to buildings and infrastructure construction, e.g., house building, runway or road construction, coastal harbor construction, etc. Areas without surface type change were categorized as "no change". In the Barque Canada Reef study sites, changes refer to alterations in species assemblages and in their associated substrata extent [39] . These changes were categorized as aquatic vegetation growth, algae growth, reef sediments extension, and algae degradation. Areas without habitat type change were categorized as "no change". After defining the change categories, the overlaid layer of each study site was used as reference data for sampling in both OBCD and PBCD methods and for object-area-based accuracy assessment. The area and proportion of each change category in all study sites are displayed in Tables A2 and A3 in Appendix A. A detailed schematic of all experimental procedures including image preprocessing has been presented in Figure 2 . Compared to PBCD, the OBCD method includes an additional key step of image segmentation, which is described in detail in Section 2.3.1. Finally, the change detection performances of the two methods are compared in terms of the overall accuracy (OA), Producer's accuracy (PA), User's accuracy (UA), Kappa coefficient (KA), and Z-test. A detailed schematic of all experimental procedures including image preprocessing has been presented in Figure 2 . Compared to PBCD, the OBCD method includes an additional key step of image segmentation, which is described in detail in Section 2.3.1. Finally, the change detection performances of the two methods are compared in terms of the overall accuracy (OA), Producer's accuracy (PA), User's accuracy (UA), Kappa coefficient (KA), and Z-test. 
Object-Based Coral Reef Change Detection
Multi-Temporal Segmentation
Image segmentation is at the core of the OBIA method because the object obtained from image segmentation is the basic unit used for image classification or change detection. Thus, the quality of image segmentation is correlated strongly with the accuracy of image classification and change Image segmentation is at the core of the OBIA method because the object obtained from image segmentation is the basic unit used for image classification or change detection. Thus, the quality of image segmentation is correlated strongly with the accuracy of image classification and change detection [40] . Multiresolution segmentation is a regional merging algorithm that forms an image object starting from a single pixel. At each step, a pair of small image objects will be selected for merging into a larger object or not based on a homogeneity criterion that is defined by the scale parameter (SP), color/shape weight, and smoothness/compactness weight. As the SP determines the average size of the image objects according to the heterogeneity within the object, the SP selection is crucially important [41] . Based on the rate of change of local variance (ROC-LV) concept [42] , an automatic tool called "Estimate of Scale Parameter" (ESP) has been proposed as particularly suitable for replacing the subjective trial-and-error method in SP selection [43, 44] . The local variance (LV) value reflects the heterogeneity within an object. Its value increases incrementally with the increasing segmentation scale up to a point, at which the ROV-LV reached a peak. The SP at this point is considered the optimal segmentation scale and the object obtained from the segmentation approximates the actual ground object.
In this work, segmentation was conducted on all images of different dates simultaneously after stacking all sets of the spectral bands. This multi-temporal image segmentation approach unifies the object boundaries of all sequential images, minimizing sliver errors and delineating objects that are composed of spatially adjacent pixels with similar spectral properties over time [19, 45] .
The ESP tool has been programmed in CNL within the eCognition ® Developer 9.0 environment. The ESP2 plugin in eCognition ® Developer 9.0 was used to perform multiresolution segmentation in a hierarchical manner with default scale increments of 1, 10, and 100 and a step size of 1. The values of shape weight and compactness weight were set as 0.1 and 0.5, respectively. ROC-LV curves were produced using standalone software. As an example, the optimal segmentation scale of Zhongye Island was established as 13, as was shown in Figure 3 . detection [40] . Multiresolution segmentation is a regional merging algorithm that forms an image object starting from a single pixel. At each step, a pair of small image objects will be selected for merging into a larger object or not based on a homogeneity criterion that is defined by the scale parameter (SP), color/shape weight, and smoothness/compactness weight. As the SP determines the average size of the image objects according to the heterogeneity within the object, the SP selection is crucially important [41] . Based on the rate of change of local variance (ROC-LV) concept [42] , an automatic tool called "Estimate of Scale Parameter" (ESP) has been proposed as particularly suitable for replacing the subjective trial-and-error method in SP selection [43, 44] . The local variance (LV) value reflects the heterogeneity within an object. Its value increases incrementally with the increasing segmentation scale up to a point, at which the ROV-LV reached a peak. The SP at this point is considered the optimal segmentation scale and the object obtained from the segmentation approximates the actual ground object. In this work, segmentation was conducted on all images of different dates simultaneously after stacking all sets of the spectral bands. This multi-temporal image segmentation approach unifies the object boundaries of all sequential images, minimizing sliver errors and delineating objects that are composed of spatially adjacent pixels with similar spectral properties over time [19, 45] .
The ESP tool has been programmed in CNL within the eCognition ® Developer 9.0 environment. The ESP2 plugin in eCognition ® Developer 9.0 was used to perform multiresolution segmentation in a hierarchical manner with default scale increments of 1, 10, and 100 and a step size of 1. The values of shape weight and compactness weight were set as 0.1 and 0.5, respectively. ROC-LV curves were produced using standalone software. As an example, the optimal segmentation scale of Zhongye Island was established as 13, as was shown in Figure 3 . 
Object Feature Selection and Calculation
Each image object has its own spectral, spatial, and textural features that are fundamental elements in human interpretation of color photographs [46] . The state of each object at different time points can be described using a given set of features [47] . In Equation (1), St1 represents the state (or land cover type) of an object at time t1, and F1, F2, … Fn is the feature set of t1. St2 represents the state (or land cover type) of an object at time t2, and F1', F2', … Fn' is the feature set of t2. ∆S is the difference between the features of the object at t1 and t2. Using feature differences to train the change detection 
Each image object has its own spectral, spatial, and textural features that are fundamental elements in human interpretation of color photographs [46] . The state of each object at different time points can be described using a given set of features [47] . In Equation (1), S t1 represents the state (or land cover type) of an object at time t 1 , and F 1 , F 2 , . . . F n is the feature set of t 1 . S t2 represents the state (or land cover type) of an object at time t 2 , and F 1 ', F 2 ', . . . F n ' is the feature set of t 2 . ∆S is the difference between the features of the object at t 1 and t 2 . Using feature differences to train the change detection model halves the dimensionality of the dataset and reduces the necessary computations [48] .
. . .
After multi-temporal segmentation, the objects in the segmented images have consistent geometries and sizes between different times. Hence, only the spectral and textural features of each object were considered for change detection. For better recognition of changes in vegetation and water bodies, the Normalized Difference Vegetation Index (NDVI) [49] and Normalized Difference Water Index (NDWI) [50] were calculated as additional feature bands for both Taiping Island and Zhongye Island using band algebra. The object features of both Zhongye Island and Taiping Island included the mean values and standard deviations of the blue, green, red, near infrared, NDVI, and NDWI bands. Haralick texture features including GLCM homogeneity, GLCM contrast, GLCM dissimilarity, GLCM entropy, GLCM Ang. 2nd moment, GLCM correlation, GLDV Ang. 2nd moment, GLDV entropy, and GLDV contrast [51] . As the study sites on Barque Canada Reef were located in shallow water, we calculated only the mean values and standard deviations of the three visible bands, i.e., the blue, green, and red bands that can penetrate shallow water [30] , together with the nine Haralick texture features. All these features were calculated in eCognition ® Developer 9.0.
Sampling Changed Objects
In order to implement stratified random sampling, we first labelled all segmented objects using a maximum overlay rule with reference layer, where all changes or no changes are depicted for individual study site (see Section 2.2). Each segmented object was defined as the class displayed in the reference layer that covered the majority area of this object. Subsequently, all segmented objects were divided into groups according to their change types. Then, each stratum was randomly sampled with the same training set ratio of 30%. For Zhongye Island, 902 segmented objects were selected for training samples. For Taiping Island, 1101 segmented objects were selected for training samples. The training samples of the two study sites in Barque Canada Reef were 2843 and 3436 image objects, respectively. The remaining 70% objects were used as validation samples. Sample numbers of each change category have been displayed in Tables A4 and A5 . As the sampled units were polygonal objects, there could have been variety in the training sample objects' size. Therefore, we made appropriate adjustments to the sampling results through visual observation, such that the training samples were representative both in change type and in size.
Recognizing Changed Objects Using the RF Algorithm
The RF algorithm [52] is a powerful ensemble learning technique that has been used widely in remote sensing image classification [53, 54] . Its superiority to other machine learning methods (e.g., decision tree classifier, neural network classifier, maximum likelihood classifier, etc.) has been demonstrated in a number of earlier studies [53, 55, 56] . In a lot of studies, RF classifier performed equally well to SVMs in terms of classification accuracy and training time [57] [58] [59] , but RF was acknowledged more user-friendly for the number of user-defined parameters required by RF classifiers is less than the number required for SVMs and easier to define [60] . The RF algorithm has not only been applied successfully in pixel-based image analyses, but has also shown great promise in the OBIA method for its high accuracy [61] and robustness to training sample reduction and feature selection [62, 63] . Therefore, the RF algorithm was adopted in the current work.
The RF algorithm was implemented in the RandomForest package in the R environment [64] . The input predictive variables were difference values of object features between two time points, including the difference of mean values and standard deviations of the blue, green, red, near infrared, NDVI, and NDWI bands, the Haralick texture features, as was mentioned above. The predicting result was the change category. Before training a RF model, two primary parameters of RF algorithm need to be defined: the number of trees ntree and the number of split variable parameters mtry. A review of RF application in remote sensing concluded that in most studies, the errors stabilize before ntree value reaches 500, so the default value of 500 for ntree is an acceptable value [65] . The other parameter mtry is the number of prediction variables used in each node to make the tree grow. According to Rodriguez-Galiano, et al. [66] , a RF is not sensitive to the value of mtry as the generalization error converges from the value of approximately 100 trees. Moreover, it was found that using a univariate RF algorithm could produce good accuracy and save computation time [52] . Therefore, this paper set ntree as 500 and set mtry as 1. In this study, four separate RF models were established to detect changes in four study sites.
Pixel-Based Coral Reef Change Detection
The same fundamental procedures (e.g., stratified random sampling and RF change detection) were used in the PBCD method, with the exception of image segmentation. Here the basic unit of the PBCD method is a pixel rather than an object. Therefore, we directly sampled the pixels labelled by the reference layer for each category, and each stratum was randomly sampled with the same training set ratio as object-based method. Subsequently, the training samples and validation samples of each change category were collected based on the same proportion as object-based method (still 30% training samples and 70% validation samples for each category). In this process, a total number of 42,276 pixels and 69,846 pixels were selected in Taiping Island and Zhongye Island, respectively. A total number of 460,960 pixels and 459,120 pixels were selected in Barque Canada Reef Site 1 and Site 2. The sample numbers of each change category in all the study sites have been shown in Tables A6  and A7 . The pixel-based RF change detection models were also trained and constructed using the RandomForest package in the R environment with the parameter ntree set as 500 and the parameter mtry set as 1. For Zhongye Island and Taiping Island, the pixel value difference of the blue, green, red, near infrared, NDVI, and NDWI bands was input as predictive variables to predict change types. For the study sites on Barque Canada Reef, the pixel value difference of the blue, green, and red bands was chosen as predictive variables. Ultimately, we obtained change detection results for the entire image of each study site with the aid of RF change detection models.
Accuracy Assessment and Statistical Comparisons
Confusion Matrix Based on Pixel Number, Object Number, and Object Area
For each of the four study sites, three confusion matrices were created based on pixel number, object number, and object area in order to calculate the OA, PA, UA, and Kappa coefficient. In the PBCD method, the values in the rows and columns of the confusion matrices refer to pixel numbers. To analyze quantitatively the classification quality of object-based methods, Laliberte and Rango [67] considered each object as an element, and generated confusion matrices based on the object numbers. However, this method was deemed spatially implicit [68] . Thematic accuracy and completeness as well as geometric quality and integrity were suggested prerequisites for comprehensive analysis of object-based classification quality [69] . Whiteside, et al. [70] proposed an area-based validation method, in which reference layer R is superimposed on the change detection product C. Their overlap, |C i ∩R i | represents the correctly identified part of change type i, whereas |C i ∩¬R i | represents the commission part of change type i and |¬C i ∩R i | is the omission part of change type i. In this case, the values in the rows and columns of the confusion matrices refer to the areas of these parts. In this work, a pixel-number-based confusion matrix was used to assess the PBCD accuracy, whereas confusion matrices based on object number and object area were used to assess the OBCD accuracy.
Statistical Hypothesis Test for PBCD and OBCD Accuracy Assessment
To determine whether the RF change detection models in the PBCD and OBCD methods yielded significantly better results than random ones, a Z-test was performed on the Kappa coefficient of each confusion matrix. In addition, the Kappa coefficients of the OBCD and PBCD confusion matrices were analyzed using a Z-test. This was performed to check for significant differences between the accuracies of the two methods [71] in order to determine whether the OBCD method was significantly superior.
Here, K 1 and K 2 denote the KA coefficients of the two confusion matrices, while var (K 1 ) and var (K 2 ) denote the variances of K 1 and K 2 , respectively. The Z-test statistic for testing the significance of a single confusion matrix is calculated as follows:
where Z 1 is a standard normal deviate. The null and alternative hypotheses are formulated as follows:
, where a/2 is the confidence level. The Z-test statistic for testing whether two independent confusion matrices are significantly different can be expressed as
where Z 12 is a standard normal deviate. The null and alternative hypotheses are formulated as follows:
At the 95% (99%) confidence level, the critical value would be 1.96 (2.58). For a single confusion matrix test, a value of the Z statistic > 1.96 means the result is significant (i.e., better than random) at the 95% confidence level. For a test between two confusion matrices, a value of the Z statistic > 1.96 means the results are significantly different, i.e., one method outperformed the other.
Results
Visual Examination of PBCD and OBCD Maps
The outputs of the change detection methods for the four study sites are shown in Figures 4 and 5. Visual comparison revealed that both the OBCD and the PBCD methods were able to recognize changed areas and change types. Nonetheless, the OBCD method appeared to outperform the PBCD method. Specifically, the OBCD maps were not affected severely by salt-and-pepper effects and very few unchanged areas were misidentified as changed.
The 
An Observation of PBCD Maps
The changed areas recognized by the PBCD method were irregular clusters of pixels. Furthermore, pixels of various change types were distributed sporadically within the areas of certain other change types. For example, the areas of "vegetation deterioration" detected on both Taiping Island and Zhongye Island also contained scattered pixels of the "others" change type. We also found 
The changed areas recognized by the PBCD method were irregular clusters of pixels. Furthermore, pixels of various change types were distributed sporadically within the areas of certain other change types. For example, the areas of "vegetation deterioration" detected on both Taiping Island and Zhongye Island also contained scattered pixels of the "others" change type. We also found that PBCD frequently detected unchanged areas as changed. On both Taiping Island and Zhongye Island, the surrounding stable (unchanged) marine areas were identified as "vegetation growth or plantation", "vegetation deterioration", and "others". A proportion of unchanged forest on Zhongye Island was identified as "vegetation deterioration" and "others", while central areas of Taiping Island, where no change occurred, were detected mostly as "vegetation growth or plantation". The PBCD method presented the worst visual accuracy for both study sites of Barque Canada Reef. In Barque Canada Reef Site 1, large areas of "no change" type were misidentified as "aquatic vegetation growth" and "algae growth", while substantial proportions of "no change" areas in Barque Canada Reef Site 2 were misidentified as "aquatic vegetation growth".
An Observation of OBCD Maps
In stark contrast to the PBCD method, the OBCD method produced much cleaner and neater change detection maps with the polygon as its basic analysis unit. Of the four study sites, the change detection map of Zhongye Island was found most similar with its reference layer, although minor changes such as vegetation growth on narrow paths were not detected well. The change detection map for Taiping Island was also satisfactory, except that some unchanged marine areas to the north of the reef island were misidentified as "vegetation deterioration" shown as conspicuous orange patches. Patches of unchanged area in eastern parts of Barque Canada Reef Site 1were misidentified as "algae growth", while a scattering of unchanged polygons in the middle of Barque Canada Reef Site 2 were detected as "aquatic vegetation growth". The results revealed that the primary weakness of the OBCD method was that there were discrepancies between the boundaries of its change detection units (image objects) and the polygonal boundaries in the reference layer, which delimited the actual change extent.
patches 
Quantitative Evaluations of PBCD and OBCD Performances
PBCD and OBCD Accuracy Assessment
Three confusion matrices based on pixel number, object number, and object area were used to assess the accuracy of each change detection result. Figure 6 illustrates the OAs and the Kappa coefficients of the OBCD and PBCD methods for each study site. Tables 4-7 display all the confusion matrices. It was found that the OAs of OBCD, either object-number or object-area based, were greatly higher than those of PBCD for all the study sites. Meanwhile, the object-area-based OA was a little bit higher than the object-number-based OA. The average OA of OBCD over the four study sites was >90%, i.e., approximately 20% higher than the average OA of PBCD (69.72%). The OBCD method was effective for the reef islands and coral reef habitats change detection, achieving OAs > 90%, except for Taiping Island, whose OA was only slightly >85%. The accuracy assessment results revealed that the PBCD method did worse in benthic coral reef environment than in reef islands. This was particularly reflected in the PBCD Kappa coefficients of the two reef islands and the Barque Canada Reef study sites. >90%, i.e., approximately 20% higher than the average OA of PBCD (69.72%). The OBCD method was effective for the reef islands and coral reef habitats change detection, achieving OAs > 90%, except for Taiping Island, whose OA was only slightly >85%. The accuracy assessment results revealed that the PBCD method did worse in benthic coral reef environment than in reef islands. This was particularly reflected in the PBCD Kappa coefficients of the two reef islands and the Barque Canada Reef study sites. The PBCD results of all the study sites indicated that the UAs for all change types (except "no change") were <60%, i.e., the commission errors of PBCD were >40%. In Barque Canada Reef study sites, except for "no change" category, the other change categories got greatly worse pre-class UAs. For example, the UA of "reef sediments extension" type was only 24.9% in Barque Canada Reef Site 1 while the "no change" type got a high UA (99.3%). Although per-class UAs of certain categories in object-number-based accuracy assessment were higher than those of pixel-number-based accuracy assessment, some of the rest categories got even lower UAs. In the object-area-based accuracy assessment, the UAs of all the other change types were lower than "no change" type. Nonetheless, per-class UAs of all change categories were higher than those obtained from the object-number-based and pixel-number-based confusion matrices. What's more, the area-based assessment produced a much more balanced per-class UAs of all change categories. For example, in Taiping Island, areabased UAs of all change categories approximated 70%. For the Barque Canada Reef study sites, UAs of all change categories were greatly improved and much closer to each other.
In the change detection results of the two reef island sites, the "others" category consistently displayed the lowest accuracy. Many changes in the "others" category were identified erroneously as "no change", "vegetation deterioration", or "vegetation growth or plantation". For Zhongye Island, the UA of the "others" type was relatively low, i.e., the PBCD method had a UA of 2.9%. In the validation samples of object-number-based accuracy assessment, not a single "other" category object was correctly recognized. The confusion matrices of the OBCD method revealed that "aquatic vegetation growth" and "algae growth" were difficult to distinguish from one another, because the UAs of the OBCD method for "aquatic vegetation growth" and "algae degradation" were relatively low, and the object-number-based accuracy was even lower than the object-area-based accuracy. The PBCD results of all the study sites indicated that the UAs for all change types (except "no change") were <60%, i.e., the commission errors of PBCD were >40%. In Barque Canada Reef study sites, except for "no change" category, the other change categories got greatly worse pre-class UAs. For example, the UA of "reef sediments extension" type was only 24.9% in Barque Canada Reef Site 1 while the "no change" type got a high UA (99.3%). Although per-class UAs of certain categories in object-number-based accuracy assessment were higher than those of pixel-number-based accuracy assessment, some of the rest categories got even lower UAs. In the object-area-based accuracy assessment, the UAs of all the other change types were lower than "no change" type. Nonetheless, per-class UAs of all change categories were higher than those obtained from the object-number-based and pixel-number-based confusion matrices. What's more, the area-based assessment produced a much more balanced per-class UAs of all change categories. For example, in Taiping Island, area-based UAs of all change categories approximated 70%. For the Barque Canada Reef study sites, UAs of all change categories were greatly improved and much closer to each other.
In the change detection results of the two reef island sites, the "others" category consistently displayed the lowest accuracy. Many changes in the "others" category were identified erroneously as "no change", "vegetation deterioration", or "vegetation growth or plantation". For Zhongye Island, the UA of the "others" type was relatively low, i.e., the PBCD method had a UA of 2.9%. In the validation samples of object-number-based accuracy assessment, not a single "other" category object was correctly recognized. The confusion matrices of the OBCD method revealed that "aquatic vegetation growth" and "algae growth" were difficult to distinguish from one another, because the UAs of the OBCD method for "aquatic vegetation growth" and "algae degradation" were relatively low, and the object-number-based accuracy was even lower than the object-area-based accuracy. 
Z-Test Results of the Accuracy Assessment
As shown in Table 8 , the Z-test values of all the individual confusion matrices (especially the area-based OBCD confusion matrices) far exceeded 2.58 (p ≤ 0.01) and 1.96 (p ≤ 0.05), indicating that the RF algorithm combined PBCD and OBCD methods are both feasible and effective, and that the change detection results were significantly better than random results. Comparisons between the object-number-based OBCD assessment result and the PBCD assessment result revealed no significant differences for Zhongye Island (|Z| = 0.60 < 1.69), but the Z-test values for the other study sites were much larger than 2.58 (p ≤ 0.01) and 1.96 (p ≤ 0.05). Comparing the object-area-based assessment results and the pixel-number-based results, the Z-test values for all study sites were far greater than 2.58 (p ≤ 0.01) and 1.96 (p ≤ 0.05), i.e., the object-area-based accuracy was significantly higher than that of PBCD. 
Discussion
Pros and Cons of the Proposed OBCD Method
The proposed OBCD method segmented images from two different times together and then trained RF models using difference of object features to predict change category. The advantages of this method are evident. First, since change categories were defined in advance, changed areas and the corresponding change categories can be directly recognized using a one-step supervised classification. Secondly, the RF algorithm has high computational speed and helps optimizing the classification model by using only the input object features as predictive variables [65] compared to traditional rule-based method or pixel-based method. Changes can be detected in a more automatic way than with the membership rules method, which sets individual threshold values of classification rules iteratively based on expert knowledge and by visually comparing the image objects with field data [17, 18] . Moreover, the algorithm running time of OBCD is obviously shorter than that of PBCD. In the PBCD method, the training sample size generally amounts to tens of thousands of pixels, while the training sample size for the OBCD method were only tens or hundreds of objects. Therefore, the average running time of the RF model for PBCD is about hundreds of seconds, while RF model building and change prediction could be accomplished within seconds for the OBCD method (not shown here). Thirdly, the method also achieved a high change detection accuracy (over 85%) for all the coral reef study sites, which confirms a good transferability of this workflow.
The proposed method also has some weakness. Small or indistinct changes cannot be easily detected due to the multi-temporal segmentation, where these changes may be merged into large objects in the segmentation process [72] . Despite the high overall accuracy, there was a great difference between per-class accuracy. Expect for the "no change" category, accuracies of other change categories were not as high as the accuracy recommended for creating an inventory of resources for management [73] . The imbalance of samples may have influence on the per-class accuracy. Classification trees suffer from unbalanced sample sizes because the largest number of samples tend to determine the class label [74] . On the other hand, challenges in respect of the quantity and quality of the training samples also affect the performance of the supervised classification [75] . In the reef island sites, the "others" category always had the lowest accuracy, while the "no change" type, which accounted for the largest area of each study site, gained the highest accuracy. Changes of the "others" type relate to human development and reconstruction activities. Buildings and infrastructures on reef islands take various shapes and forms with distinctive spectral and textural properties, which greatly increased the uncertainty of the training samples in the supervised change detection. In addition, the number of training samples of "others" type obtained via proportional stratified sampling was quite small because of the limited extent of the changes. For example, in Taiping Island, the training samples of "others" type were 52 objects for object-based change detection and 357 pixels for pixel-based method as the area of "others" change type occupied only 4.98% of the entire study site. By contrast, there were 684 training objects and 13,218 training pixels of "no change" type.
The Superiority of the OBCD Method to the PBCD Method
A comparison of PBCD and OBCD showed that object-based paradigm is superior to the pixel-based paradigm for detecting changes from very-high-resolution satellite images of coral reefs. The OA of the OBCD method was about 20% greater than the PBCD method, similar to the findings derived by Benfield et al. [30] in their coral reef classification study. Cleve et al. [76] also found that the object-based classification approach provided a 17.97% higher OA than the pixel-based approach in wildland-urban interface classification. However, studies based on medium-resolution satellites such as Landsat and SPOT, concluded that the results achieved by pixel-based methods are acceptable, with no significant difference from the object-based methods [28, 31] . As the spatial resolution of remote sensing imagery continues to improve, within-class spectral heterogeneities increase as well, which greatly affect the accuracy of conventional pixel-based methods. In this study, this problem was manifested in the form of severe salt-and-pepper effects and numerous misidentified pixels in the PBCD maps. The PBCD method recognizes changes based solely on pixel values, which are susceptible to interference from other factors. Factors including light conditions, tree shade, vegetation phenology, etc. might induce changes in the spectral features of pixels, thus leading to the detection of spurious changes. By comparison, the OBCD method analyzes the overall properties of all pixels within an object. Thus, changes of individual pixels have minimal impact on the general features of an object, making the OBCD method more robust and reliable.
Application of PBCD and OBCD Methods in Multiple Coral Reef Study Areas
The complicated formation process and the special location render coral reef islands spatiotemporally dynamic [77] and vulnerable to climate change and sea level rise [78] . Much attention has been paid to the dynamics of atoll islands. Historical aerial photographs or satellite images with different spatial resolution over a period of time were usually rectified to each other and digitalized to investigate the stability of vegetated cays or islands [79] . However, in most cases, atoll islands have a paucity of distinct and stable features for ground control points, rendering georeferencing of images problematic [80] . Besides, differing resolution or quality of time series images may affect the accuracy of the image registration and shoreline interpretation, and thus impact change detection accuracy. In our study, the proposed OBCD method was less prone to image misregistration than the PBCD method, as was observed from both the generated map and the accuracy. Using the PBCD method, pixels between neighboring segments tended to be misclassified, generating an obvious dividing line with a width of several pixels (Figure 7 ). Using the OBCD method, registration error did not cause fragmented objects. According to Chen, Zhao, and Powers [21] , when the registration error is relatively small (e.g., lower than 3 pixels), the size of image objects slightly increased, because small objects were merged into the neighboring image-objects. Since misregistration had a low impact on object size and shape for most areas, the change detection accuracy would remain at a high level.
For the Barque Canada Reef study sites, it was found that PBCD methods were less suitable for coral reef community at a coarse scale, due to the serious salt and pepper effects in the change detection maps. In addition, it was found challenging to distinguish "aquatic vegetation growth" and "algae growth". Seagrass and algae may have similar textural features and similar spectral characteristics using only the red, green, and blue bands. It has been suggested that hyperspectral data could provide for a more detailed and accurate classification or change detection of reef biotic systems, because it can provide rich information on the reflectance properties of algal and seagrass communities [81] .
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Object-Number-Based and Object-Area-Based Accuracy Assessment
In this work, we used two different accuracy assessment methods to evaluate the OBCD results. The object-area-based assessment of OBCD got a slightly higher OA than the object-number-based assessment and a greatly higher OA than the pixel-number-based assessment. Besides, the per-class accuracy of each change category was higher and more balanced in the object-area-based assessment. Although the OA of the object-number-based assessment was also greatly higher than the per-pixel results, the per-class accuracy did not show superiority. Two main reasons may account for all the findings above. First, in the object-based paradigm, image segmentation inevitably results in mixed objects; thus, once an object is misidentified, the object-number-based change detection accuracy will be lowered significantly, especially for change types with a small number of total samples. Second, the average size of correctly identified objects might be bigger than objects of incorrectly identified objects in almost all classes [82] , so the final overall accuracy of object-area-based assessment was higher than the object-number-based accuracy. If the classified objects are imported to GIS for a further spatial analysis, both the thematic and geometric accuracy assessment are necessary and important. The object-area-based assessment is essentially a comprehensive evaluation of image segmentation and change detection, which is not only influenced by the classification algorithm, but also strongly relates to the segmentation means. Therefore, more combinations of classification algorithms and segmentation means need to be further explored.
Conclusions
As image registration is critical but challenging in coral reef change detection because of the deficiency of distinct and stable texture features as well as ground control points, in this work, we proposed an RF-combined object-based framework for change detection in coral reef environment and we applied this framework to multiple coral reef study sites in the South China Sea. The combination of multi-temporal object-based analysis and the RF algorithm not only recognized changed areas, but also offered information about the corresponding change types. The OBCD method achieved a high accuracy in coral reef environment with a good transferability over various study sites. Through a comparison analysis, it was found that the OBCD method significantly outperformed the PBCD method. The OBCD method did not suffer from salt-and-pepper effects and 
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Conclusions
As image registration is critical but challenging in coral reef change detection because of the deficiency of distinct and stable texture features as well as ground control points, in this work, we proposed an RF-combined object-based framework for change detection in coral reef environment and we applied this framework to multiple coral reef study sites in the South China Sea. The combination of multi-temporal object-based analysis and the RF algorithm not only recognized changed areas, but also offered information about the corresponding change types. The OBCD method achieved a high accuracy in coral reef environment with a good transferability over various study sites.
Through a comparison analysis, it was found that the OBCD method significantly outperformed the PBCD method. The OBCD method did not suffer from salt-and-pepper effects and it was less sensitive to image misregistration than the PBCD method. Therefore, the OBCD method is more suitable for coral reef environment monitoring. The object-area-based assessment of OBCD produced a higher OA than both the object-number-based assessment and the pixel-number-based assessment. Besides, per-class accuracy of the object-area-based assessment was higher and more balanced. For further GIS analysis or statistical analysis, the object-area-based accuracy assessment should be considered.
There were some shortcomings of this work. Given the high cost of field data collection, we had to visually interpret digitized high-resolution remote sensing images to obtain the reference layers. Thus, the change detection scale of this study was relatively coarse and the classification system of the change types was simple, especially for the Barque Canada Reef study sites. In future work, this framework could be tested on other coral reef images with rich validation information to realize change detection on finer scales with finer classification systems. 
